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Relevance of the subject

The relevance of this dissertation is determined by the growing need for accessible,
intelligent, and objective technologies for supporting physical activity, exercise training, and
rehabilitation outside traditional clinical and laboratory environments. In recent years, mobile
devices, computer vision methods, and artificial intelligence technologies have created new
opportunities for analyzing human movement in real time without expensive motion-capture
systems or constant specialist supervision.

Physical activity plays an important role in maintaining health, preventing musculoskeletal
disorders, improving functional mobility, and supporting rehabilitation. However, the
effectiveness of physical exercise strongly depends on correct execution technique, appropriate
movement control, and regular feedback. In unsupervised or home-based training conditions,
users often perform exercises with incorrect posture, limited range of motion, asymmetry, or
compensatory movement patterns. These errors may reduce the effectiveness of training and, in
some cases, increase the risk of overload or injury.

Traditional rehabilitation and fitness programs usually rely on verbal instructions, images, or pre-
recorded video demonstrations. Although these tools are useful, they do not provide
individualized real-time assessment of the user’s actual movement. In clinical settings, specialists
can visually evaluate posture and movement quality, but continuous professional supervision is
not always available due to cost, time, distance, and limited access to rehabilitation services.
Therefore, there is a clear need for automated systems that can observe, analyze, and provide
feedback on human movement in a practical and scalable way.

Modern pose estimation technologies make it possible to detect key points of the human body
using ordinary smartphone cameras. Combined with machine learning, action recognition,
biomechanical feature extraction, and intelligent feedback generation, these methods can be used
to evaluate exercise performance, recognize movement patterns, count repetitions, detect errors,
and support personalized training. Such systems are especially relevant for mobile health, remote
rehabilitation, sports training, preventive healthcare, and digital wellness applications.

The subject is also relevant from a scientific and technical perspective. Accurate human motion
analysis in real-world conditions remains a challenging problem because of variations in body
shape, camera position, lighting, clothing, occlusion, movement speed, and exercise complexity.
Developing robust methods for mobile pose estimation, action recognition, and motion quality
assessment can contribute to the improvement of intelligent human-computer interaction systems
and practical Al-based health technologies.

Thus, the selected subject is relevant both scientifically and practically. It addresses an important
interdisciplinary problem at the intersection of artificial intelligence, computer vision,
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biomechanics, mobile computing, physical activity training, and rehabilitation. The development

of intelligent mobile systems for human motion analysis can improve accessibility, personalization,

and effectiveness of exercise-based interventions, while also contributing to the advancement of

modern digital health technologies.

Objectives of the Work Are
Develop an Al-Driven Physical Activity and Rehabilitation Mobile Environment

O

Design and implement a front-camera-based mobile app capable of capturing
users’ movements in real time.

Integrate optimized 3D pose-estimation models that run efficiently on typical
smartphones (quantized CNN backbones, lightweight geometric modules).
Ensure robustness under variable lighting, backgrounds, and occlusions typical
of at-home environments.

Build an Accurate Real-Time 3D Pose-Estimation Pipeline

O

Combine markerless single-view methods with geometric reasoning to
reconstruct joint positions in three dimensions.

Incorporate error-correction strategies for temporary pose dropouts or jitter.
Validate positional accuracy against IMU-based ground truth captured from
wearable sensors.

Implement Temporal Motion Analysis for Error Detection

O

O

Segment continuous exercise streams into individual repetitions using dynamic
time warping based auto-correlation and constrained optimization.

Quantify biomechanical parameters (joint angles, velocities) and flag deviations
from ideal movement patterns.

Generate an “error rate” metric for each rep to inform user feedback.

Integrate an Interactive 3D Virtual Trainer

O

Create a reusable, animated 3D character driven by prerecorded motion-
capture data from IMUs.

Provide real-time visual demonstrations synchronized to the user’s own camera
feed.

Embed a TTS engine for dynamic verbal guidance, adjusting prompts based
on detected form errors.

Optimize for On-Device Performance

O

Apply model quantization and pruning to minimize inference latency (<100 ms
per frame).



o Implement multi-threaded pipelines and hardware acceleration (e.g., NNAPI,
Metal) where available.

Practical Significance

This mobile Al workout system delivers immediate, real-world advantages across safety,
accessibility, personalization, cost-efficiency, and scalability:
¢ Enhanced Safety: Real-time error detection and feedback reduce injury risk during
unsupervised workouts at home.
¢ Wider Accessibility: A standalone mobile solution removes the need for expensive
equipment or studio memberships.
e Personalized Coaching: Dynamic, data-driven insights and virtual trainer guidance
adapt to each user’s performance and progress.
e Cost Efficiency: Leverages existing smartphone hardware, minimizing additional
expenses for users and developers.
e Scalable Deployment: Optimized on-device models ensure broad compatibility across
a range of consumer smartphones.

The methods of research

This research followed a mixed-method engineering workflow that began with a critical survey of
state-of-the-art 3D human-pose estimation and exercise-analysis literature to frame the problem
and requirements. We then built a two-stage vision pipeline that detects 2 D keypoints on mobile
devices and lifts them to 3D with lightweight CNN and transformer modules, selecting
architectures through comparative experiments on the Human3.6M benchmark and on-device
latency tests. To generate high-fidelity ground-truth motions for a virtual trainer and to validate
the vision models, we captured 180 exercise sequences with a portable 19-sensor IMU suit,
cleaned the data in Rokoko Studio, and retargeted the trajectories to Unity avatars. Real-time
activity recognition inside the app combines dynamic-time-warping+ k-nearest-neighbour
matching for rapid template while a rule-based engine converts joint-angle thresholds into spoken
form and correction advice. Repetition counting is handled by a noise-robust sliding-window
zero-crossing finite-state machine that optionally verifies bilateral joints to suppress false positives
during compound lifts. Finally, we embedded the models in a Flutter/Unity mobile application,
conducted benchmark tests on mid-tier smartphones, and ran a small user study that measured
pose-estimation accuracy, feedback latency and perceived engagement, the results of which are
summarised in Chapter 6.



Structure and scope of work

The dissertation consists of 7 chapters and a list of used literature.

It is written on 140 pages, cites 73 literature sources, and includes 30 figures and 2 tables.

The work is organized as follows:

Scientific novelty

This research introduces several key innovations that advance the field of Al-driven human motor

behavious analysis:

Real-Time Biomechanical Error Metric: Proposes a new “Error Rate” metric
combining temporal alignment (via DTW autocorrelation) with per-joint angular
deviation analysis, enabling fine-grained quantification of form faults on a rep-by-rep
basis.

On-Device Model Optimization for Mobile Environments: Develops a compression
and pruning strategy that tailors a convolutional-geometric pose network to mobile
CPUs/NPUs without sacrificing sub-100 ms frame-rate performance.

Interactive Multimodal Feedback Loop:integrate a 3D virtual trainer
agent:synthesized from IMU-captured motion clips-with a context-aware Text-to-Speech
(TTS) system.

Robustness Across Uncontrolled Home Settings: Demonstrates robustness to real-
world challenges (environmental changes, background clutter, clothing variation) by
embedding a lightweight semantic segmentation stage that adaptively masks the subject
from complex scenes.

Empirical Validation: Establishing the practical efficacy of the proposed ecosystem
through rigorous experimental validation, specifically focusing on movement quality
enhancement and error reduction.

The novelty of the proposed approach lies not in a single algorithmic improvement, but in a

unified, end-to-end framework that combines real-time 3D pose estimation, temporal motion

understanding, biomechanical error quantification, and interactive coaching into a portable, on-

device solution.

The structure and volume of the work. Material results of this work which includes 140 pages,

13 tables and also 34 figures. The main results of the work were published in four scientific



publications: IEEE EDUCON 2024, Pattern Recognition and Image Analysis in 2024 and 2026,
and CSIT 2023, and were reported at IIAP NAS RA and CSITseminars.

Contents of Research

Chapter 1. Introduction

The first chapter substantiates the relevance of the research topic and formulates the main
scientific problem. It shows that the growth of home workouts, remote rehabilitation, and app-
guided physical activity has created demand for intelligent systems capable of objective movement
assessment outside laboratory settings. Traditional video-guided training is accessible, but it lacks
the real-time supervision needed to prevent incorrect movement execution, especially in exercises
where trunk posture, joint alignment, and timing are critical.

1.1. Research motivation and technical challenges

The chapter identifies the core technical challenges addressed by the dissertation: accurate 3D
pose estimation under uncontrolled mobile conditions; temporal segmentation of continuous
motion into repetitions and phases; interpretable biomechanical error detection; creation of a
high-quality reference exercise library; real-time synchronization of visual and verbal feedback;
and optimization of the analytical pipeline for resource-constrained mobile devices. This chapter
also introduces the scientific novelty of the work, which lies in combining pose estimation,
temporal movement analysis, IMU-based reference motion capture, a 3D virtual trainer, and
mobile on-device feedback into a single end-to-end system.

Chapter 2. CNN-Based Pose Estimation with BlazePose

This chapter describes the CNN-based pose-estimation module used as the practical backbone of
the proposed workout-analysis system. Instead of a heavy multi-stage transformer pipeline, the
mobile implementation relies on BlazePose, a compact detector-tracker architecture designed for
realtime inference on smartphones. The method is particularly suitable for fitness analysis
because it keeps the subject centered, estimates full-body landmarks, and preserves low latency
during continuous exercise execution.

2.1. Core BlazePose Design

BlazePose is designed for real-time, single-person body tracking on mobile devices. Its core
idea is to avoid running a heavy body detector on every frame. Instead, the system uses a
detector-tracker setup: the detector initializes the person region, and the tracker predicts
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landmarks and a refined region of interest for subsequent frames. The detector is invoked again

only when tracking confidence falls.

The method reconstructs a 33-keypoint body topology that includes the face contour anchors,
shoulders, elbows, wrists, hips, knees, ankles, heels, and foot tips. This denser topology is
valuable for exercise analysis because it provides more detailed lower-limb and upper-body

geometry than a minimal 17-keypoint scheme.

2.2. Key design choices for mobile fitness analysis

Component

Detector + ROI alignment

33-keypoint landmark model

Tracker reuse

Visibility / presence output

Role in the system

Normalizes body position, scale, and rotation before
landmark inference.

Captures limbs, trunk, feet, and face-related anchors
required for exercise analysis.

Avoids costly redetection on every frame and preserves
realtime feedback.

Supports occlusion handling and decides when the
system should relocalize the subject.



2.3. Landmark topology and mathematical formulation

The formulas summarize the operations that make BlazePose efficient in practice: nonlinear
feature extraction, body-centered cropping, rotation-normalized tracking, compact landmark
regression, and geometric evaluation through MPJPE. In the context of this dissertation,
BlazePose is preferable to larger CNN or transformer alternatives because it preserves enough
anatomical detail for exercise analysis while still operating at interactive speed on mobile devices.
This makes it a practical front-end for repetition detection, rule-based movement assessment,
and virtual trainer feedback.

Essential formulas
321 456

RelLU activation: f[x) = max(0, X)

ROl center from hip landmarks: ¢ =" ""

Body-axis rotation for alignment: a=Z.(ms mh, ey)

Landmark output representation: P = {(Xj,yi,z/, v/)}?=

Pose accuracy metric: MPIPE=| z. Iy~ P72

Figure 2.2. BlazePose 33-keypomt
topology used for full-body motion
capture.

Chapter 3. Exercise Recording with Hardware-Based Motion Capture Techniques

The third chapter is devoted to the acquisition of accurate reference motions for the virtual
trainer. It compares depth-based, optical marker-based, and inertial motion capture techniques
and demonstrates why hardware-based capture remains essential when highly accurate exercise
demonstrations are required. While monocular computer vision is practical for online feedback,
the trainer’s motion library must be based on reference movements with higher kinematic fidelity.

3.1. Reference motion acquisition
The chapter shows that IMU-based motion capture provides the most balanced solution for the

dissertation’s objectives. Optical systems offer the highest precision but are expensive and require
a controlled capture volume. Kinect-like systems are accessible but less robust under occlusion.
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Wearable IMUs, in contrast, provide high portability, stable segment orientation estimates, and a
practical workflow for recording exercise libraries that can later be cleaned, retargeted, and

mapped onto a 3D avatar. This makes them suitable for generating the virtual trainer’s exercise
set.

a4 =/(% -i),NEaEmp

In this context, the orientation of a body segment is estimated through sensor fusion of gyroscope,
accelerometer, and magnetometer measurements. This enables accurate retargeting of captured
motion to the trainer skeleton while preserving temporal consistency.

Figure3.1 Sensor placement and hardware setup for IMU-based motion capture of reference

exercises.

Table 2. Comparative characteristics of the main motion capture technologies

Motion Capture Positional Error Measurement Portability Operational
Modality (Unified Metric) Accuracy Complexity
Optical marker- 0.77 mm Sub-millimetre Low High
based (Vicon) (gold standard)
Depth-sensor- 60-136 mm Limited Moderate  Moderate
based (Kinect v2)
IMU-based 6.4 mm High (sub- High Moderate

centimetre)

Chapter 4. Skeleton-Based Human Activity Recognition and Analysis

The fourth chapter introduces the temporal intelligence of the system. It converts sequences of
reconstructed landmarks into exercise labels, repetition boundaries, and interpretable corrective
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feedback. The chapter bridges low-level pose tracking and high-level coaching by treating motion
as a structured time-dependent process rather than an isolated set of frames.
4.1. Classification, repetition detection, and corrective guidance

The chapter combines three essential analytical components. First, exercise classification is
performed by comparing motion sequences to reference templates. Second, continuous motion
is segmented into repetitions using temporal smoothing, thresholding, and finite-state logic.
Third, form quality is assessed through geometric measurements such as joint angles and relative
distances, which are translated into rule-based feedback messages. This produces repetition-
level, exercise-specific, and human-interpretable guidance.

DTW(X,Y) = minwXd(wk)

Pt = (1/N)X(i=t-N+i)Pi
8 = arccos ((u-v)/(LTulTTIvID)

Dynamic Time Warping aligns exercise sequences performed at different speeds; moving-average
smoothing reduces landmark noise; and joint-angle computation makes it possible to evaluate
squat depth, trunk inclination, knee flexion, and similar biomechanical characteristics. The result
is a rule-based guidance mechanism that can produce targeted messages such as adjusting depth,
improving symmetry, or correcting excessive forward lean.

Figure 5. Core analytical feedback loop: pose estimation, action recognition, repetition
detection, guidance generation, and text-to-speech.

Chapter 5. Implementation

The fifth chapter describes the practical realization of the proposed system as a mobile
application. Flutter and Dart are used for the mobile interface and application logic, Unity is used
for the 3D trainer environment, MediaPipe is used for real-time landmark extraction, and text-
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to-speech modules provide verbal feedback. The implementation chapter demonstrates how the
theoretical pipeline is translated into a working interactive product.

Chapter 6. Experimental Results and Evaluation

The sixth chapter provides quantitative validation of the developed system. It evaluates pose
estimation accuracy, segmentation quality, error-detection reliability, system responsiveness,
fidelity of IMU-based trainer motions, and user-level performance changes over time. The
reported results confirm that the system achieves real-time operation while maintaining sufficient
accuracy for practical biomechanical guidance.

6.1. Main quantitative findings

The central metric for 3D pose reconstruction is the Mean Per Joint Position Error, which
measures the average Euclidean distance between predicted and reference joints. The chapter
further evaluates temporal overlap for repetition segmentation, precision and recall for posture-
error detection, latency of the virtual trainer and speech pipeline, and kinematic fidelity of IMU-
based motion capture.

MPJPE = (1/3)z\\pj-Fj

Table 3. Summary of the principal experimental results

Module / scenario Metric Result
3D pose estimation - controlled conditions MPJPE 28.5 £+ 4.3 mm
3D pose estimation - mobile with partial occlusion MPJPE 36.8 + 5.7 mm
3D pose estimation - low illumination MPJPE 421 £ 6.2 mm
. . Per-frame
Realtime inference 42 + 8 ms (>23 fps)
latency
- ) Temporal
Repetition segmentation 94.7%
accuracy
Squat error detection Precision / recall 0.91/0.89
Yoga error detection Precision / recall 0.88/0.85
Virtual trainer rendering Update latency 58 ms
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IMU motion capture Orientation error 2.9°
IMU motion capture Joint-angle RMSE  4.7°

Reduction in
User study - amateur cohort o 21.3%
deviation events

The experimental results show that the proposed environment is not merely a conceptual
prototype. It operates within interactive latency limits, maintains acceptable reconstruction
accuracy in realistic mobile settings, and produces feedback that users perceive as
understandable and helpful. The longitudinal study further indicates a measurable reduction in
technigue deviations, suggesting that the system can contribute to safer and more consistent
exercise execution.

Implementation of Results

The practical results of the research were implemented in the developed mobile application
designed for movement analysis, exercise guidance, and support of home-based physical
rehabilitation. The application was experimentally validated among 20 users with herniated disc
injuries, allowing the assessment of its applicability in real rehabilitation-oriented conditions.

In addition, the developed application has been released on the Apple App Store, where it is
publicly available to users. The application has achieved more than 20,000 downloads and has
received positive user feedback, demonstrating its practical demand, usability, and potential for
broader implementation in digital health, rehabilitation, and preventive physical activity support.
Main results of the work

The dissertation resulted in the design and implementation of an intelligent Al-based mobile
environment for automated analysis of physical performance and human motor behavior. The
main results are summarized below.

1 Real-time 3-D pose estimation on smartphones: A mobile pipeline for monocular
3D pose estimation was developed and validated under practical conditions, including
lighting variation, background clutter, partial occlusion, and body-scale differences.
The system achieved 28.5-42.1 mm MPJPE and operated at 42 + 8 ms per frame,
corresponding to more than 23 fps. Related publications: [2], [4]

2.  Repetition-based temporal movement analysis: A method was developed for
segmenting continuous exercise streams into repetitions and local movement phases.
This allowed the system to evaluate user performance repetition by repetition.The
repetition segmentation module achieved 94.7% accuracy. Related publications: [1], [2]
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3. Interpretable biomechanical error detection: The dissertation proposed a
movement-quality assessment approach based on joint angles and geometric relations
between body segments. The system detects errors such as insufficient squat depth,
incorrect trunk inclination, and knee misalignment.
The error-detection module achieved 0.91 precision and 0.89 recall. [1], [2]

4. Motion-captured 3D virtual trainer: A reference-motion subsystem was developed
using inertial measurement units. Correctly executed exercises were captured,
processed, and retargeted to a humanoid virtual trainer for demonstration and
comparison. The system achieved approximately 2.9° orientation error and 4.7° joint-
angle RMSE. [3]

5. Integrated mobile rehabilitation environment: Pose estimation, repetition analysis,
biomechanical reasoning, 3-D visualization, and speech feedback were integrated into a
single mobile application. The system achieved end-to-end feedback latency below
200 ms and a speech feedback. [1}, [4]

6. User-level injury improvement: Experimental use of the system showed measurable
improvement in movement quality over time. Biomechanical deviation events decreased
by 21.3%, indicating the practical effectiveness of the corrective feedback loop. [1]

LIST OF PUBLICATIONS
M. Aslanyan, “Development of Intelligent Workout Environment for VR Devices” 2024 IEEE
Global Engineering Education Conference (EDUCON), Kos Island, Greece, 2024, pp. 1-5.
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Yhgnuwhquighwt' wju wotuwnwupp Yudpenud | dwdwlwlwlhg swpddwt ybppndnipyut b
wmuwjht  wwjdwutbpnwd  hwuwubh  Jepuwlwugunnuwt - ypwlywhlwih  dholt wnlw
wbuuninghwywu pwgp: Wu ghinwlwu dnnbgnuwp htwpwynpnigintu b nwihu undnpuju
udwpp$nup Yopwdt| wbuuhyuih quwhwndw b nipnnpndwu hgnp gnpdhph' nuipnuiyhnpbu
wpdwqwlpkiny wnnnowwwhwlwtu wnbfutninghwubph W yepwwugqunnulwu pdoynipiwi
ninpunut wnljw wpnh wwhwuubpht:

Shuwlwl Unpnijep

WinGuwununipjwu ghunwlwt unpnypp Yujwunw b hbuwwnpdnnulwu wwwpwnh
Juwujwdputinh ybpwlwugqudwt b wuwiht phpwwhwih wynndwnwgyws quwhwundwt
hwdwp Jd&Y Jdhwutwyuwu, Jbpsuwlwu (end-to-end) hwdwlwpgh uwnbinddwu dbg, npp
dhwynpnud £ hpwlwt dwdwuwynud 3D nhpph quwhwwnnudp, swpdnuiubiph dwdwuwywjhu
puywnuip, phndbjuwuhlulwi ufuwubph pwtwywlwuwgnuiu ne hunbpwlnphy pdoyulwu
nunpnnudp poowht uwipph Upw:

Lhwnwgnunnipiwi pupwgpnid unwgywd wnwugpwiht Unpuwpwpwlywt wpryniupubpu Gu.

e Undniljubph ufuwundwdp Juynu 3D nhpph quwhwwnnd. Udwppdnuutph hwdwnp
dowlybp  ppwlwt  dwdwtwynd  wojuwwinn,  wpunwpht  fuwugwpnuiubph,
Ytugwnwihu $nuh wndnifubiph, nuwwynpnigjw hnthnfuniggniuubph bW dwutwlh
wngbijwthwynwubiph (occlusions) uwwndwdp Ywin 3D nhpph quwhwwndwl (Pose
Estimation) hwdwlwpg' wwwhnybin pwpép Gogpuineniu dbly  wbuwfughyp
wwpwgw)nid:

¢  bpwjwu dwdwuwynl pphndGluwuhjulwu ujuwjubph quwhwwdwu unp swithhs
(Error Rate). Unwowplyt F dwdwlwlywht hwjwuwpbgdwu (DTW
wywnnynpbywghwih dhongny) b pun wnwudhu hnnbph wuyntwhu obinnudutiph
ytipinwnipjwt hwdwlgyws dbpnnwpwunigintu, npp ey b wwihu hpulwuwgut)
ptpwwluwhly  Jwpdniniiubiph  YpYunygyniuubph pwpép  Gogpuiniejw
pwuwyuwywu gquwhwwnuw: Ubpnnp  Jwybpwgyty £ owpddwt  gpwugdwu

17



Lrnwnuwiht (MoCap) wjwiubiph hhdwu Jpw' gnigunpbinyd pwpdp qqujniuniggnia
Juwudwspubph  wnwowgdwu  wmbuwlyniuthg nhulwiht  Ypubdwinhluwlwu
obnnuiubph uywundwdp:

Poowjht dhowywyph hwdwnp owyunhdwpugyjué uwppwjhu
dnnbjwydnpmd. Uowlytp £ ubjpnuwiht gwugbiph  ubinddwu  (compression) L
wpniuhugh  (pruning) hwwny nwgdwjwpnygnu, npp hwpdwpbgunud |
Ynuynynighnu-GpYpwswhwlwt nhpph quwhwwdwu gwugp peswihtu CPU/NPU
wpngbunpubipht' wwwhnybing Yunpbph dowhdwu gwdp npwgnud (sub-100 ms):
Lbpnpdb £ nhuwdhly Yunwlwpdwl hwdwlwpg (adaptive runtime scheduler), npp
hwjwuwpwlpnnd £ hwoduplubph Sogpunngegniuu ne wpwgnyegniup' Jufudwd
uwpph dwupwpbnujwsdnyniuhg b dwpwnlngh yhéwlhg:

bunbpwlwnhy dnipnpdnnuy hGwmwnupd Juwyh Yhuhluwlywu ghly. Unwehu
wugwd huptunipnyu poswjhtu hwdwlywpgnd ubipnpyt £ IMU ubuunputiph dhongny
unwgywsd Enwnuwhu swpdnuwiutpny upupbqws 3D Jhpwinuw| oquwlwup b
Ynuwbpuwnhg Ywfujws TTS (nbipunhg dwju) hwdwlwpgh hwdwygnuwip: Uju
thnipnfund £ hpwhwuqubph  pwpnnginiit ne Swjuwght winbwgunyeynp’
hwpdwpybind hhdwunh pupwghy wnwopupwght b dywuwht hngquwdnigjwu
dwlwpnuyht' dwlybind Yuwp obnnuiubph  hwjunuwpbpdwt, Jopnsngjuu L
Yytpwlwugunnulwu ninnnpndwu dhele:

Ny  Yhupywlhw (wnbwght) dhowduwyptpnid  hwdwlwpgh  Juyniunyejwu
wwywhnynud.Uswldb| £ phpl pwony ubdwlwnhly ubgdbunwynpdw thny, npu
wnwwwnhy Ybpwnd wnwudtwgund £ hhjwunh dwpdhup pwpn Yeugwnuwihu
dnubiphg, husp  wwwhnynwd £ pwpdp  Gogpuingegyntu  nuwydnpnipywit
thnthnfunigyniuubinh, hwgnwnh pwqiwquuntewt U intwjht wwjdwuubpnud wnlw
w)| fuwugwnpnwiutiph nbiwpnud:

Pnpdwpwpwlywy  wpynibwybnnipywu  hhduwynpmd. Edwyhphy  hGwnwgn-
wniejnwiubph  dhongny  thnpdwpwpwlwt  hpduwydnptp dowyjws hwdwlwpgh
gnpduwlwu  wpryniuwybwnngeniup’ hphdwunubph owpdnuiubph npwlp
pwpbijwydwu, nbluuhlwlwu snnuubph Ypdwndwt b ufjuwubph twgbgdwu
wbuwulyniuhg:
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Lhdtuwlwt wpyniupub

1. Uswlyby k udwppdnuutiph hwdwp hpwwt dwdwtwynd wofuwnnn, wndniyubpp
U juwugwpnuiubph Wywwndwdp Yuinu 3D nhpph quwhwwndwt hwdwlwpg:

2. Unwownlyyt| t Jwpdnigniuubph hnupwht Ywwnwpdwt pwdwtnd  wnwudhu
YpYunienwuutiph W dinybiph’ wdtbih 2gphn dwdwuwlwht Jbpndnygjut hwdwp:

3. Upwldl £  dEjuwpwubh phndGluwthlulywt  ufuwubph  hwjnbwpbpdwt
dbluwuhqd' hnnuwiht wiuyndubph b uunuwhbu guwhwndwy hhdwt Jpw:

4. Uwnbndyt; L IMU ubuunpubph Jpw hhdudwsd owpdnwiubph gpuugdwu W 3D
yhpunuw| dwpgsh wuhdwghnt depwpunwnpdwt tupwhwdwlwng:

5. ppwlwuwgyty £ dbYy dhwutwlywu peowihu dhewywyp, npp dhwynpnwd £ nhpph
guwhwwnwp, pwpddwu  Jbppnsnyeiniup, 3D yhgnuwhqughwu b dwjuwihu
hbwnwnwna uwp:

6. Pnpdwpwpwlwu  wpryniopubpnd  hhduwdnpdtp £ hwdwlwpgh  gnpdtwlywu
wpryniawybnnipiniup’ swpdnuiubiph npwyh pwpbjwydwu b ufuwubph bwugbigdwu
nbuwulyniuhg:

Upryniupubiph ubpnpnudp

Lhwnwgnunnipywt  gnpduwlwt  wpryniupubpp ubpnpdbp Gu dowlwd  poowihu
hwyGywdnwd, npp twfuwwmbudwd £ ownpdnuiubph  Jbpindngjwt,  Jundnigyniuubph
Yuwuwwpdwu JEpwhuydwu b nowiht - ywydwuubpnd - $hghlulwt  JEpwlwugudwu
gnpdpupwght wowlgbnt hwdwn: wyGywdp thnpdwpwpwlywu Yepwyny Juwydbpwgybp &
dhonnuiht  ujwywnwlh Gnnudp nmiubgnn 20 oguwwnbpbiph  opowunwd,  husp
huwpwynpnigyiniu £ wdl]  quwhwwnbp  wnwewnlyynn  dninbigdwt  Yhpwnbhnygniup
ytpwlwugqunnulwu gnpdptupwght dnun wuwjdwubpnud:  dwybpwgdwi  wpryniupubpp
hwunwwnbp 5u dowldws hwdwlwpgh gnpduwlwu  Upwtwynyeniup  Juipdnigyntuubiph
Jwwwpdwu npwyh dntupenphugh U oguwwnhpnot  nuinywd  hbnwnwnpd  Yuwhp
wnpwdwnpdwi wmbuwtyniupg:

Puwgh wyn, dwyyws hwybgwdp wnbnunnyt) b hwuwubih | nunék) Apple App Store
hwppwynuw: <wybkywsdp ubppbnudt) £ wybh pwu 20,000 wugwd b uwnwgb] £ npwywu
oginwwnhpwlwt  wpdwquwupubtp, husp Yyuwind £ npw gnpduwlwt wwhwugwnyh,
Yhpwnbhnpjwu W pYwiht wnnnswwwhniejwi, Jbpwlwiqunnuywu nt fwufuwpgbhs
dhghlwlywu wywmhynijw ninpunubpnd hGnwgw ubipnpdwu huwpwynpniygjw dwuht:
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3akniouenne
MuHac AcnaHsaH

PaspaboTka uHTennekTyanbHOii cpeabl aBTOMaTU3NPOBAHHOIO aHaNN3a MOTOPHOTO
noBegeHus Yenoseka

AKTyanbHOCTb TeMbl U KpaTkoe pe3tome

AkTyanbHocTb  paboTbl  obycnoBneHa nepeceveHMeM  MOBCEMECTHOrQG  PacrpocTpaHeHusA
MOOUIIBHBIX TEXHOMOMW, WCKYCCTBEHHOTO WHTENNEKTa W HeoOXOAMMOCTM  6e3omacHbIX W
3phEKTUBHBIX [OMALLHUX TPEHUPOBOK. TpafWLMOHHbIE BUAEOTPEHVPOBKN OrpaHWYeHbl:
MOHOKYNApHbIE Kamepbl He MO3BONAIOT TOYHO BOCMpuHWMaTb 3D-KoHdurypauum cyctaBos, a
OTCYTCTBME IKCMEPTHOTO KOHTPONA BEHAET K COXPAaHEHUIO HeMpaBWNbHbIX MATTEPHOB [ABUMEHUSA
(Hanpumep, crubaHue NOACHWLbI B CTAHOBO TAre), 4TO MOBbIWAeT puck TpaeMm. J[laHHoe
uccnepoBaHue pelliaetT 3TM npobnembl NyTem CO3AAHWA CUCTEMbI, peKOHCTpyupytowein 3D-
CKENETHYIO KWUHEMaTWKy MO MOHOKYJIAPHOMY BWAEO B peaibHoM BpeMeHu. WHTerpauus
CBEPTOYHbIX HEPOHHBIX CeTell C reoMEeTPUYECKUMM MOAENAMM MO3BOMAET MOOMIbHBIM
YCTPOWCTBAM [OCTUraTb BbLICOKOW TOYHOCTU B OOHApyMeHUM OTKMOHEHUW OT upaeanbHbIX
TPaeKTOpPWiA CycTasoB.

L',eﬂb M 3ajavuu uccnenoBaHua

OcHoBHaA Lenb — CO3aHNE KOMMNEKCHOW MOBUNBHON cucTeMbl, KOoTopaa pekoHcTpyupyet 3D-
Mo3bl  MNONb3OBaTeNA B PEalbHOM BPeMEHU, aHanuanpyetT OroMexaHUKy —yripamHeHuid,
obHapykuBaeT  OWNOKK " npepocTaBnAaert MHTEpaKTMBHYlO  obpaTHylo  CBA3b.
KntoueBble 3aa4m:;
« Paspabotka mobunbHoro npunomenus Ha 6ase (hpoHTaNbHON Kamepb! /1A 3axBaTa [BUMEHN.
« WUnTerpauua ontummamposarHbix 3D-mopeneii oueHkn nos (kBaHToBaHHble CNN, nerkoeecHble
reoMeTpuyecKmne mMozaynn).
o Peanusauus BpemenHoro aHanusa peumenuii (DTW-aeTokoppenauma) ona obuapymerua
OLLMBOK.

¢ MWnterpauya wunTepaktBHoro 3D-eupTyanbHoro TpeHepa Ha ocHoBe MoCap-aaHHbix.
o OnTUMU3aLMA NPON3BOANTENBHOCTM ANA LOCTMMKEHUA 3aaepxkn meHee 100 mc Ha kaap.
Hayuynaa nHoBu3Ha

o PaspabotaHa HoBas MeTpuka 6uomexaHuueckwx ownbok («Error Rate»), obbepuHAtowan
BpemeHHOe BblpaBHMBaHue (depes DTW) ¢ aHanM3om yrnoebix OTKNOHEHWI CYCTaBOB.
o [lpepnoxeHa cTpaTerMA CkaTuAa W MpyHUHTa HENPOHHbIX ceTell, ajanTupoBaHHas AnA
MOBUNBHbIX CPU/NPU, obecnevyunsaroLLan vacToTy KajpoB MeHee 100 MC.
o Co38aH WHTEPaKTUBHBIA MYNbTUMOAANbHBIA LMK obpaTHO cBA3M, obbepuHAaowmin 3D-

apatapa (cuHTesnpoBaHHoro us IMU-gaHHbIX) U KOHTEKCTHO-3aBUCUMYIO CUCTEMY CUHTE3a peuu
(TTS).

20



+ [poaemMOHCTpUpOBaHa YCTOMUYNBOCTD CUCTEMbI K HEKOHTPONMPYEMbIM AOMALLHUM YCIOBUAM
{ocBeLLeHune, hoH) bnarogapa 3Tany ceMaHTUYECKON cerMeHTauum.

MpakTnyeckas 3Ha4UMOCTb

« MMosblweHne 6ezonacHocTU: CHUMKEHME pUCKA TPaBM MPU CamMOCTOATENbHbLIX TPEHUPOBKaX.
» [JoctynHocTb:  YcTpaHenue — HeobxopaumocTh B AOpOrocToAllem  obopyaoBaHWW.
« [epcoHanusauma: AjanTauma MHCTPYKLMIA BUPTYabHOTO TPEHEPa MOJ, MPorpecc Nnob3oBaTena.
» DKoHOMMYecKana achcheKTMBHOCTL: Mcnonb3oBaHue CyLLECTBYIOLWMX MOLLHOCTEN cMapTchOHOB.
» MacwrabupyemocTs: LLlupokas coBMECTUMOCTb C NOTPEOUTENBCKUMM YCTPOCTBAMY.

MeToabl nccneposanns u peanusauns

WccnepoBanue cnepyeT cMeLLIAHHOMY MHMKEHEPHOMY LIMKIY: OT aHau3a nMTepaTypbl 4O CO3AaHuA
JBYyX3TarnHoro KoHseliepa 3peHua (obHapyxenne 2D-knouesblix Touek n ux «nogbem» 8 3D). [na
reHepaLumn 3TanoHHbIX ABUMeHU A ucnonbiosanca koctiom ¢ 19 IMU-cencopamu (Rokoko Smartsuit
Pro). MpunoxeHne peanusosaHo B cpepe Flutter + Unity, rae Unity oteevaet 3a peHpepuHr 3D-
TpeHepa, a Flutter — 3a noruky n untepdeiic. PacnosHasaHne aktueHocTn couetaet DTW u k-
NN, a nogcyeT nosTOpeHuii peanu3osaH Yepes OTKa3oyCTolumMBbIi anroputm Zero-Crossing.

Kpatkoe cogep#anue rnas
« [naBa 1: Beeaerne n obocHoBaHUE aKkTyalbHOCTU.
« [naBa 2: Teopetnueckne ocHoebl 3D-oLeHKN NO3 MO MOHOKYNAPHOMY BUAeo (0630p CNN,
TpaHchopmepoBs).
« [naBa 3: TexHonorun 3axsarta ABUKEHWIA 1 CO3AaHNe Hasbl 3TaIOHOB C Ucronb3oBaHuem IMU-
CEHCOpOB.
« [naBa 4: PacnosHaBaHue JelCTBAI1 Ha OCHOBE CKeNeTHbIX AaHHbIX U reHepaumna sepbanbHol
obpaTHOi CBA3M.
« [nasa 5: Apxutektypa 10 n cTpaterun ontummnsaumm nop, MobunbHble NnaTgopmbl.
« [naBa 6: PesynbTathl 3KCNEPUMEHTOB U NO/Ib30BATENBCKNE TECTbI.
« [naBa 7: 3akntoyeHune u BbIBOADI.
OcHoBHble pe3ynbTaTbl paboTbl
1. Paspabotana cuctema oueHku 3D-nosbl B peanbHOM BpeMeHU AnA CMapTCOHOB,
YCTOWYMBAA K LLYMaM U BHELLHUM MOMEXaM.
2. [pepnomeH meTop pasbueHna HENPEPbIBHOrO BbINOMHEHUA YNPaMHEHUI Ha OTAeNbHbIE
noeTopeHus U cpasbl AnA Honee TOYHOTO BPEMEHHOTO aHanmsa.
3. PaspabotaH uHTepnpeTUpyemblii MexaHV3m obHapykeHUA B1uoMexaHN4ecKnx oLIMOOK Ha
OCHOBE CYCTaBHbIX YrIOB U NPaBUi OLEHKU.
4. CoszpaHa nojcucTeMa 3axBaTa ABWXKeHWI Ha ocHoBe IMU-ceHCOpoB M aHMMaUMOHHOTO
BocnpousseneHna 3D BupTyansHoro TpeHepa.
5. PeanusoeaHa epuHaa wmobunbHaa cpepfa, OOBEAMHAIOLLAA OLEHKY MO3bl, aHanus
Ausennii, 3D-Bnu3yanmsaumio n ronocoByio obpaTHyro CBA3b.
6. JKcnepuMeHTaNbHO MOATBEpHAEHa NpakTUyeckas 3PEKTUBHOCTD CUCTEMBI C TOUKM
3PEHMA NOBbILLEHNA KAaYeCTBa IBMKEHWNIA N CHUMEHUA YNCHA OLLIMOOK.
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BHepnpeHnue pesynbtatos

lMpakTuyeckne pesynbTatbl WCCIEAOBaHWA ObliM BHEApeHbl B pa3paboTaHHoe MobunbHoe
NPpUNOMEHNE, NPELHA3HAYEHHOE A/IA aHANN3a ABUMKEHWIA, KOHTPONA BBINOMHEHWA yNPaMHEHWI 1
NOAJEPHKN  (OU3NYeCKO peabunuTauMM B [JOMalIHUX  YcnoBuAx. [lpunodeHue  6bino
anpobuposaHo cpean 20 nonb3oBaTenell € MEXMO3BOHOWYHOW TIpbh¥eld, UYTO MNOATBEPAMNO
NPUKNALAHYKO 3HAYMMOCTb MNPESJIOKEHHOrO NOAX0AA.

PaspaboTtaHHoe npunoxenune Takse foctynHo B Apple App Store, umeet 6onee 20,000 sarpysok
U NONOMMTE/NbHblE OT3bIBbl MOMb30BaTENel, 4TO CBUJETENbCTBYET O €ro MpakTUYecKon
BOCTpebOBaHHOCTM W MoOTeHUWane npuMeHeHUA B obnacTv UudppoBoii peabunutaumm U
npochunakTUHECKOH PrU3NYECKO aKTUBHOCTM.
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